Abstract Proteome-wide Amino aCid and Elemental composition (PACE) analysis is a novel and informative way of interrogating the proteome. The PACE approach consists of in silico decomposition of proteins detected and quantified in a proteomics experiment into 20 amino acids and five elements (C, H, N, O and S), with protein abundances converted to relative abundances of amino acids and elements. The method is robust and very sensitive; it provides statistically reliable differentiation between very similar proteomes. In addition, PACE provides novel insights into proteome-wide metabolic processes, occurring, e.g., during cell starvation. For instance, both Escherichia coli and Synechocystis down-regulate sulfur-rich proteins upon sulfur deprivation, but E. coli preferentially down-regulates cysteine-rich proteins while Synechocystis mainly downregulates methionine-rich proteins. Due to its relative simplicity, flexibility, generality and wide applicability, PACE analysis has the potential of becoming a standard analytical tool in proteomics.
Introduction
Modern proteomics analysis provides the identities and the relative abundance changes for thousands of proteins per a single LC-MS/MS experiment [1, 2] . However, since many proteins have multiple functions and the exact function of many proteins is not yet known, this information is not always easy to rationalize. Pathway analysis [3, 4] provides mapping of the proteome onto more than 160 known signaling pathways and dozens of metabolic pathways. Nonetheless, molecular pathways are often overlapping and inter-related, such a mapping is rarely unequivocal. A similar problem plagues the popular gene ontology (GO) mapping. Ideally, an aggregate analysis of the proteome state would involve mapping onto a reasonably small number orthogonal, i.e., non-overlapping and mutually independent, classification factors that have clear physico-chemical interpretations. Although mutually orthogonal (''extreme'') pathways have been constructed for microorganisms [5, 6] , such constructs are usually artificial, i.e., do not have clear counterparts at the molecular level.
However, methods to reduce the proteome to a manageable number of orthogonal entities do exist. For example, proteins can be broken down into their constituent amino acids (AAs). Since amino acids in protein sequences are, in general, not mutually interchangeable (the evidence for which is their survival of the evolutionary pressure), they represent an orthogonal set for global proteome analysis. And since all organisms try to minimize the ''cost'' of protein synthesis by adjusting their AA content to specific growth conditions [7] , it is reasonable to assume that changes in these conditions will be reflected in the abundances of the component AAs. Thus, a proteomewide AA composition analysis can provide an aggregate fingerprint characterizing the specific state of a given organism.
Unfortunately, the current methods for AA analysis all possess significant drawbacks. Edman degradation [8] , for instance, is limited with regard to the size of polypeptide which can be interrogated. Meanwhile, acid hydrolysis [9, 10] followed by quantification with either ninhydrin [11] [12] [13] or mass spectrometry (MS) [14] [15] [16] [17] is limited by exposing proteins to harsh chemical treatment, which in turn completely destroys unstable AAs, e.g., tryptophan. Even a short hydrolysis duration leads to deamidation of asparagine and glutamine to aspartic acid and glutamic acid, respectively [10, 18] .
As will be shown below, the AA and element analyses of whole proteomes can provide valuable information on the ongoing metabolic processes. Here, we present a novel, nondestructive method of performing such analysis on quantitative data obtained in expression proteomics experiments. The entire Proteome-wide Amino aCid and Elemental composition (PACE) analysis is performed in silico, and as it can be applied to previously acquired data, it can provide fresh insights from earlier results without a requirement of new experiments. In addition, this method is platform-independent, i.e., can be used for data generated with any mass spectrometric, and even non-mass-spectrometric (e.g., laser fluorescence or antibodybased) quantitative proteomics platforms.
What relevant biological insights can PACE mapping provide? At a very basic level, it can answer the question of whether two given proteomes are different better than any other known statistical method while providing a quantitative estimate of this difference and associated P value. PACE mapping also yields a fingerprint of the dominant metabolic processes and, in some cases, even reveals their character. For instance, PACE analysis confirms that single-cell organisms deprived of a single element (e.g., sulfur) during growth exhibit depletion of this element in their proteins [7] . Analyzing both our own and published data with PACE, we investigated the question of whether this depletion is proteome-wide or is instead concentrated in a few highly abundant proteins. We also used PACE to reveal which AA residues get depleted and to what degree. Processes not involving nutrient depletion (e.g., cold or heat stress) also leave a specific mark in the PACE domain, which subsequently can be used as a fingerprint for their recognition. As a novel and informative way of interrogating the proteome, which combines relative simplicity, flexibility and wide applicability, PACE has the potential of becoming a standard analytical tool in proteomics.
Results

Distribution of PACE signal in the proteome
Until very recently, proteomics analyses were unable to reveal the entire expressed proteome due to the high dynamic range of protein expression. Thus, in any real-life experiment, a subset of the total expressed proteome is sampled, representing the most abundant part of the proteome. To investigate whether the partial nature of the proteomics data affects the PACE diagram, we analyzed a ''deep proteomics'' (>50% of the expressed proteome) literature dataset of the model cyanobacterium Synechocystis sp. PCC 6803 [19] . The total list of $2000 quantified proteins was randomly split into two halves, and a PACE AA ( Figure 1 ) and elemental histogram ( Figure S1 ) were produced for each of the half-proteomes. The visual similarity between the two histograms is confirmed by correlation analysis ( Figure 2 ; R 2 P 0.8 for both correlations). This example demonstrates that the PACE signal is distributed throughout the whole proteome, and the partial nature of real-life proteomics data does not affect the PACE analysis fatally.
Detection of small differences between proteomes
To answer the question as to whether the observed proteome differences between two cellular states are statistically significant, one typically needs to use principal component analysis (PCA) or a similar statistical method to differentiate two groups, each consisting of multiple replicate analyses. In the absence of a priori knowledge of statistics associated with protein abundances (each protein being, strictly speaking, a separate statistical entity), there is no easy method to assign statistical significance to a difference, if only two proteomics datasets are available. However, this task becomes solvable with PACE analysis, as the following example demonstrates. In this example, a pair of measured proteomes (lists of $500 protein identities and respective abundances; T1 and T2) represents two technical replicates of the same proteome B1, while a third measured proteome (B2) represents a separate biological replicate. The protein abundances of the same proteome analyzed repeatedly (technical replicates) are affected by random, statistically independent errors in the measured abundances of individual proteins, while nonidentical but biologically similar proteomes (biological replicates) vary in a fundamentally different way, where abundances of the proteins within the same pathway are statistically linked. A simple comparison through the correlation coefficient R gives similar values when T1 and T2 are compared (R 2 = 0.9999) as well as for the similarity between T2 and B2 (R 2 = 0.9989), and provides no estimate for P values of the differences (Figure 2A) . The failure of standard approaches to robustly differentiate between the biologically unique samples as compared to technical replicates of the same sample is further demonstrated by unsupervised PCA of the data (Figure 2A) . Here, the PCA model yields a nonsensical negative Q2 value, illustrating the inability to separate these datasets from each other.
In contrast, PACE analysis of the same data allows a straightforward statistical testing of the T2/T1 and B2/T1 differences ( Figure 2B ). To illustrate the method of testing, imagine two measured proteome datasets, A and B, the comparison of which gives a PACE AA histogram A/B. Let us define the PACE ''difference'' D as a standard deviation of the 20 AA abundance values in A/B from zero. Since the null hypothesis is that A and B represent the same proteome, the true value of D is zero if the null hypothesis is accepted. Thus, the question of whether A and B represent biologically different proteomes is reduced to testing whether D A/B , which is the observed value of D, is consistent with its true value being zero. To address the latter issue, one needs to find the probability to obtain D A/B or larger value by pure chance, i.e., to calculate P value. Assuming the half-normal distribution of D (assumption arising due to the fact that D is always non-negative), P value can be calculated as P B2_T1. PCA is unable to distinguish either the technical replicates or the biological replicates from each other with statistical significance, while upon performing PACE analysis, the biological replicates are able to be teased apart with statistical significance, thus illustrating the power of PACE to identify minute but real biological variability.
can be estimated by repeated random permutation of the protein abundances between A and B (this method of randomization does not require a priori knowledge of the statistical properties of individual protein abundances). In the example above, P % 0.06 (no statistical significance) for the comparison between T1 and T2, whereas P % 0.007 (good statistical significance) between T1 and B2. Thus for T1 and T2 comparison, the null hypothesis (common origin) remains valid, while for T1 and B2 it should be rejected. Therefore, PACE analysis provides a statistical evaluation of small differences between just a few measured proteome datasets, in a situation where standard statistical methods fail.
Sulfur assimilation by Escherichia coli
Sulfur is an essential nutrient and can be a growth-limiting factor in freshwater environments [7] . It is also unique among the six elements most important for life--C, H, N, O, S and P, in that it is mostly protein-related, which makes it most suitable for studying proteomics effects of element availability. Moreover, sulfur is unique among the five most protein-related elements--C, H, N, O and S, in that it is not found within the polypeptide backbone, but instead only in the side chains of two AAs -cysteine and methionine. Therefore, the impact due to changes in the availability of sulfur should be easily traceable not only in the element analysis, but also at the level of the AA content of the proteome.
Indeed, there is ample evidence in the literature of the impact that sulfur has on the proteome. In response to decreased sulfur levels in water, the cyanobacterium Calothrix sp. PCC 7601 initiates the production of a methionine-and cysteine-depleted form of its most abundant protein phycocyanin [7] . The cyanobacterium Fremyella diplosiphon behaves in a similar way. This response occurs over the physiological range of sulfate concentrations likely to be encountered by the organism in its natural environment, which can be viewed as a form of environmental accommodation [20] . Although phycocyanin does not take part in sulfur fixation, its elevated expression is believed to affect the sulfur budget of cyanobacterial cells [5] . Other microorganisms, such as bacteria and yeast, can also respond to sulfur and carbon deprivation by reducing the number of sulfur and carbon atoms in the sulfur assimilatory pathway and carbon assimilatory pathway, respectively [21] .
One question which has as of yet remained unanswered by previous research is whether sulfur deprivation affects the whole proteome, or depletion in methionine and cysteine is only observed in the most abundant protein(s). Another relevant question is to what extent each of these two AAs is affected. To answer these questions, we grew E. coli strain BL21 under conditions when low sulfur or low nitrogen concentrations started to reduce the growth rate ( Figure 3) . Proteomes of the microbes in their exponential growth phases were extracted and subjected to quantitative proteomics measurements. PACE analysis followed based on $500 quantified proteins.
Not completely unexpectedly [16, 20] , sulfur depletion led to an overall reduction of sulfur content in the proteome, while nitrogen depletion led to reduction of nitrogen ( Figure 3B) . At the AA level of analysis (left panel), the relative effects of sulfur starvation vary for cysteine and methionine, with cysteine being relatively more depleted. This effect can partially be explained by the fact that, in our PACE analysis, the N-terminal methionine has always been considered present, while in reality many proteins lack this residue. It is, however, unlikely that the observed large differences between the cysteine and methionine peaks are solely due to this phenomenon (vide infra). In addition, it is likely that the cysteine/methionine depletion is contained throughout the proteome, and not Figure 3 Effect of sulfur depletion and nitrogen depletion on E. coli A. Growth curves of E. coli with respect to the level of nitrogen and sulfur content within their minimum growth media. B. PACE analysis of the observed proteome changes for nitrogen depletion versus sulfur depletion.
simply in a few abundant proteins. If the latter were true, then the error bars would be much larger.
In the nitrogen depletion, it is notable that not all nitrogenrich AAs in the proteome are affected equally. For example, both lysine and arginine show no statistically significant difference between N and S starvations, while both glutamine and asparagine are quite depleted in nitrogen starvation as compared to sulfur starvation. This may be a manifestation of the fact that many E. coli strains preferentially catabolize these two AAs upon nitrogen starvation in glucose-ammonia minimal media [22] .
Carbon/nitrogen assimilation by a cyanobacterium
Cyanobacteria are the only prokaryotes capable of oxygenic photosynthesis and they play a crucial role in the global carbon/nitrogen balance. Wegener et al. have performed a large-scale proteomic analysis of the widely studied model cyanobacterium Synechocystis sp. PCC 6803 under different environmental conditions [19] . We have PACE-analyzed their dataset of approximately 2000 proteins (53% of the predicted proteome) and their abundance changes in response to environmental stress. Most remarkable in the study was the impact of nitrogen deficit (shortage of nitrate) during growth. To account for the observed proteome changes, the authors suggested that the cyanobacterium resorts in these conditions to an unusual pathway in nitrogen accommodation.
As an alternative method to pathway analysis, nitrogen assimilation can be investigated through PACE analysis. In some microorganisms, proteins involved in the assimilation of carbon and sulfur are depleted in these respective elements compared to the rest of the proteome. Therefore, BaudouinCornu et al. predicted that oligotrophic organisms could adapt to the permanent scarcity of an element by diminution of the content of that element in all proteins [22] . This prediction has been confirmed in yeast, which adapts to sulfur scarcity by reducing the content of sulfur-rich proteins in the proteome [23] . However, no net reduction of carbon in the proteome has been reported in yeast, due to its acute response to carbon limitation in relation to yeast limited by other nutrients (N, S or P) [22] . If the nitrogen effect in cyanobacterium is similar to the sulfur effect observed in yeast, one could predict that a nitrogen deficit should lead to down-regulation of nitrogenrich proteins. To test this hypothesis and also to investigate the sulfur effect in an organism other than yeast, we performed PACE analysis of the dataset from Wegener et al. [19] . The elemental histogram (Figure 4) shows the proteome changes in the cyanobacterium grown on a nitrogen-depleted medium as compared to a sulfur-depleted medium. Here, the sulfur peak is strongly positive, while the nitrogen peak is significantly negative. The value of the latter on the arbitrary scale is 3.73, while random permutation of protein identities and abundances gives an average of 0.51. Assuming normal statistics, the P value of the nitrogen peak is less than 3 · 10
À7
. Similarly, the P value for the sulfur depletion peak is 8 · 10 À7 . Thus, the effect of down-regulation of sulfur-and nitrogen-rich proteins upon the corresponding starvation, which has been previously seen in yeast [22] , exists in other organisms as well.
At the AA level, sulfur depletion affected methionine in the proteome much more significantly than cysteine, in contrast to the situation observed in E. coli (compare Figures 3 and 4) . Nitrogen depletion caused the most significant down-regulation Figure 4 PACE analysis of sulfur depletion and nitrogen depletion on Synechocystis PACE analysis of the observed proteome changes in Synechocystis resulting from depletion of sulfur as compared to depletion of nitrogen. The P value for sulfur depletion peak is 8 · 10
, while for nitrogen enrichment peak, P is less than 3 · 10 À7 for the element domain.
of glutamine (Q)-and arginine (R)-containing proteins, while lysine (K) remained unaffected and asparagine (N) content somewhat increased (Figure 4) . Therefore, it appears that the scarcity of nitrogen in the media caused a shortage of arginine, an alternative source of nitrogen for cell growth [19] . Conversion of arginine into succinate also releases, besides glutamate and ammonia (which is also assimilated into glutamate), CO 2 , whose carbon is then fixed by ribulose 1,5-bisphosphate carboxylase oxygenase (RuBisCO) [19] . This process may explain the observed excess of carbon-containing proteins under nitrogen starvation conditions (Figure 4) . Interpretation of the proteomics data at the level of individual proteins has been less than straightforward [19] . Classification of differentially regulated proteins according to known cellular functions yielded little insight, as the results were not correlated with observed physiological responses. Moreover, a large number of proteins with unknown functions showed significant differential regulation during both depletion and recovery phases, as did many proteins associated with common housekeeping functions. Most proteins related to photosynthesis and pigment biosynthesis did not show significant changes in their abundance, although some proteins with several critical functions were differentially regulated. For example, heme oxygenase was down-regulated during nutrient depletion conditions [19] . This demonstrates one pitfall of straightforward interpretation of protein expression levels. That is, although the majority of environmental perturbations had little impact on levels of proteins involved in photosynthesis, the slow growth and chlorosis indicated that the efficiency of photosynthetic reactions was nevertheless significantly affected by these perturbations [19] . In contrast to that complex picture arising due to the intricacy of cellular mechanics and the limited Figure 5 PACE elucidates similarities between heat shock and cold shock response A. Comparison of PACE analyses of changes within the Synechocystis proteome due to heat shock and cold shock compared to standard growth conditions. B. Linear correlation between cold-and heat-shock responses in the AA space.
knowledge of the functional roles of proteins, PACE analysis provided an aggregate, easily interpretable view on the effect of nutrient deprivation on the proteome.
Fingerprinting of cellular response
Another important aspect of PACE analysis is to provide a fingerprint of the responses of an organism to varying environmental and/or other stresses. Figure 5 demonstrates how the Synechocystis proteome responds to heat or cold stress as compared to normal growth in the control BG11 media. A striking similarity (R 2 $ 0.9, corresponding to P < 0.0001) of the AA domain response to these two seemingly opposite stressors was revealed. This similarity is also observed on the elemental level ( Figure S2 ). One may hypothesize that this could be the result of each of these stresses being thermal in nature. However, in E. coli, heat shock and cold shock protein are tightly controlled not to be expressed simultaneously [24] . Thus the similarity in the AA and elemental domains does not necessarily extend to the level of individual proteins. Therefore, the above PACE observation is intriguing and invites a more detailed research.
Effect of arginine deprivation on A431 human cells
Specific AA deprivation can selectively target subsets of human cancers. To study the effect of arginine deprivation, human A431 epidermoid carcinoma cells were exposed to varying time intervals with arginine-deprived media. Figure 6 provides the first-ever view on the effect of such treatment on the proteomes after 24 h and 48 h of arginine deprivation. Not surprisingly, a significant drop in nitrogen is observed for both depletion periods. Another expected result was the down-regulation of the proteins rich with arginine. Also as expected, and again supporting the robustness of PACE analysis, the AA response patterns for each of the time points are quite similar, with a relative change of each being in the same direction (either up-or down-regulated) within the experimental error.
Perhaps far more interesting than the expected results, however, are the responses of those AAs which do not seem to be affected by such deprivation. For example, though the overall level of nitrogen was reduced, only arginine was found to be down-regulated among the nitrogen-rich AAs. This speaks to the selectivity of arginine deprivation.
Discussion
Searching for a mutually independent limited set of parameters with which to quantitatively characterize the difference(s) between proteomes, we have discovered that proteome-wide amino acid and elemental composition analysis (PACE-analysis) possesses the required features. Mapping the whole proteome onto 20 AAs provides a large parameter space and thus high specificity, while also exhibiting maximum sensitivity, i.e., detecting statistically significant differences between two ''identical'' biological proteomes, which conventional methods based on individual proteins fail to uncover. Recently, Choi et al. have introduced an interesting approach to finding statistically significant differences in protein abundances that works with a small number of replicates [25] . The difference in the approaches is that Choi et al. assume that different proteins in the same proteome are statistically related, but they do not take into account the identities of individual proteins. In Figure 6 PACE analysis of arginine deprivation on human carcinoma cell line A431 The effects of arginine deprivation on sensitive human A431 epidermoid carcinoma cells 24 h (A) and 48 h (B) after growth in arginine-free media.
contrary, PACE analysis considers AA composition of each protein and explicitly utilizes intrinsic correlations between the abundances of proteins that share common compositional features. These two approaches are complementary, and a situation is conceivable (e.g., when all protein abundances differ by less than 50%) when PACE can detect a difference that the approach of Choi et al. will miss.
Mapping the same dataset onto five bio-elements (C, H, N, O and S) reduces the specificity but provides clear insight into metabolic assimilation of nutrients, and can give important clues in the case of a deficit of a valuable element. Finally, PACE, being an in silico analysis, is applicable to a wide range of emerging and already published data, thus extending usefulness of such an approach.
Figure 7 PACE work-flow
Shown here is a graphical description of the work-flow for PACE analysis. The quantitative proteomics data are loaded and protein sequences are identified in the corresponding protein database. For each sequence found, an array is created with the number of each AA or element contained within that protein. These arrays for all proteins are summed together, using as weighing factors for relative protein abundances in n-th power (scaling factor). The summed arrays for ''sample'' and ''control'' can then be compared, resulting in either a ''relative'' or ''absolute'' difference.
Materials and methods
PACE analysis
The PACE approach is illustrated in Figure 7 . In the simplest case, proteomics data contain a list of protein identities and their relative abundances As i and Ac i for proteomes of ''sample'' and ''control'', respectively. In order to avoid a systematic bias due to the differences in total protein amounts, total protein abundances in all proteomes are normalized to the same value prior to PACE analysis. Another required input is protein sequence database. For each protein i in the list, the PACE algorithm finds its AA sequence in the database and reduces it to an occurrence histogram of 20 AA residues, ( 
Here, A is the relative abundance of protein, and n (>0) is the power factor, whose function is to reduce the effect of large proteome dynamic range (P7 orders of magnitude) and ensure that contribution of each protein to the total weight is not negligible. Typically, the value of n was in the range of 3-5, reflecting the dynamic range of the measured proteome. Note that in PACE analysis, proteins are not separated into up-/down-regulated and unchanged; all protein signals are utilized, regardless of their intensity or statistical significance, as statistical evaluation of the results is performed at a later stage.
The total histograms ( 1 AA s/c . . . 20 AA s/c ) for ''sample'' and ''control'' are then compared in relative terms:
as well as ''absolute'' terms,
and expressed in promil (·0.001). Each resultant dataset contains 20 numbers, both positive and negative, that show the change (relative or ''absolute'') of abundances for respective AAs in the proteome of ''sample'' and ''control'' compared to ''control''. A similar procedure is used for elemental composition analysis, with l E s/c (l = 1. . .5) replacing j AA s/c . The magnitudes and the error bars for the total histogram were calculated from of a set of results, each obtained from PACE analysis of a unique ''sample''-''control'' pair of replicates. For instance, if there are two replicates for ''sample'' and ''control'', then the four pairwise comparisons (S1/C1, S1/C2, S2/C1 and S2/C2) will give a set of four values for each histogram column. The average of this set will be reported as the column magnitude, while standard error will be represented as its error bar.
E. coli growth and analysis E. coli BL21 stock cells were cultured in M9 minimal media. To observe varying stress responses of the organism due to depletion of certain elements, specific forms of the M9 media deficient in carbon (glucose), nitrogen (NH 4 Cl) or sulfur (MgSO 4 ) were employed: control (none of the elements depleted), 5% of control, 1% of control, and 0% (100% depletion). All samples were incubated in a Bioscreen C Automated Microbiology Growth Curve Analysis System (Growth Curves USA, Piscataway, NJ) with a growth time of 24 h at 39°C. Growth was automatically recorded through use of optical density measurements taken at wavelength of 600 nm (OD 600 ). Three biological replicates were run for each condition.
At the end of culture, 3 mL of E. coli containing media were collected for each condition and spun down at $5000 g. The resulting pellet was rinsed with PBS and re-pelleted. Lysis and digestion were performed as outlined previously [26] . Briefly, lysis buffer (8 M urea, 75 mM NaCl, 50 mM Tris, one tablet of Complete Mini protease inhibitors cocktail [Roche Diagnostics, Bromma, Sweden] and 10 mM sodium pyrophosphate) was added in a volume ratio of $3:1 buffer to cell pellet. Samples were probe-sonicated on ice -3 · 60 s with 90 s pause (6 s run, 3 s pause; amplitude 40%), vortexed and then centrifuged at 20,000 g for 20 min at 4°C.
Protein concentration was determined using BCA assay (Thermo Scientific, Rockford, IL, USA) and 20 lg of each sample were taken for overnight trypsin digestion, following the method previously described [26] . Resulting peptides were cleaned using C 18 Zip-Tips (Millipore, Billerica, MA, USA) and samples were analyzed by LC-MS/MS employing an EASY nLC (Thermo Scientific, Odense, Denmark) coupled to a Velos Orbitrap mass spectrometer equipped with electron transfer dissociation (ETD) [27, 28] (Thermo Scientific, Bremen, Germany). Survey mass spectra were acquired at 60,000 resolving power and a data-dependent top-10 method was employed, with each precursor ion being fragmented by both ETD and collision-activated dissociation (CAD) in the linear ion trap, with subsequent detection there.
Resulting .raw data were converted to Mascot generic format (.mgf) files using in-house software and ETD spectra were cleaned [29, 30] prior to database searching with Mascot. CAD and ETD spectra were not separated prior to searching against a concatenated version of the SwissProt E. coli database. The parameters employed were: peptide tolerance ±10 ppm, fragment ion tolerance ±0.6 Da, a maximum of three missed cleavages, fixed modification of carbamidomethyl on cysteine and a variable modification of oxidation on methionine. Search results were downloaded to a local computer as .dat files and subsequently filtered to a <1% false discovery rate (FDR) using the target-decoy strategy [31] . These filtered files were then merged and the retention times for sequenced peptides were aligned using in-house software. This merged file was then re-searched in Mascot against a forward-only database. The resulting .dat file was used by the Quanti quantification algorithm [32] for label-free quantification with a minimum of three proteotypic peptides employed for calculation of abundance of each protein. PCA was performed using SIMCA-P+software (Umetrics, Sweden).
Arginine deprivation
A431 epidermoid carcinoma cells (ATCC; CRL-1555) have previously been shown to be sensitive to depletion of the conditionally-essential amino acid arginine [33] , likely due to inactivity of argininosuccinate synthetase (ASS1). Therefore, we chose here to employ these cells under such deprivation conditions to provide a model system for investigating the ability of PACE to tease out important biological information from experiments focused on in vitro studies of human cell lines.
